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Abstract 
During auditory perception, neural oscillations are known to entrain to acoustic dynamics but their role 
in the processing of auditory information remains unclear. As a complex temporal structure that can be 
parameterized acoustically, music is particularly suited to address this issue. In a combined behavioral 
and EEG experiment in human participants, we investigated the relative contribution of temporal 
(acoustic dynamics) and non-temporal (melodic spectral complexity) dimensions of stimulation on neu-
ral entrainment, a stimulus-brain coupling phenomenon operationally defined here as the temporal co-
herence between acoustical and neural dynamics. We first highlight that low-frequency neural oscilla-
tions robustly entrain to complex acoustic temporal modulations, which underscores the fine-grained 
nature of this coupling mechanism. We also reveal that enhancing melodic spectral complexity, in 
terms of pitch, harmony and pitch variation, increases neural entrainment. Importantly, this manipula-
tion enhances activity in the theta (5 Hz) range, a frequency-selective effect independent of the note 
rate of the melodies, which may reflect internal temporal constraints of the neural processes involved. 
Moreover, while both emotional arousal ratings and neural entrainment were positively modulated by 
spectral complexity, no direct relationship between arousal and neural entrainment was observed. 
Overall, these results indicate that neural entrainment to music is sensitive to the spectral content of au-
ditory information and indexes an auditory-level of processing that should be distinguished from high-
er-order emotional processing stages. 
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New and Noteworthy  
Low-frequency (<10 Hz) cortical neural oscillations are known to entrain to acoustic dynamics -the so-
called neural entrainment phenomenon-, but their functional implication in the processing of auditory 
information remains unclear. In a behavioral and EEG experiment capitalizing on parameterized musi-
cal textures, we disentangle the contribution of stimulus dynamics, melodic spectral complexity and 
emotional judgments on neural entrainment, and highlight their respective spatial and spectral neural 
signature. 
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Introduction 
Cortical neural oscillations are assumed to play a functional role in perception and cognition. Low-
frequency oscillations in the delta-theta range (<10 Hz) in particular are known to play a mechanistic 
role in sensory selection, by sampling input signals and structuring the temporal activity of sensory cor-
tices (Luo and Poeppel, 2007; Schroeder and Lakatos, 2009; Ghitza, 2012; Giraud and Poeppel, 2012; 
VanRullen, 2016; Riecke et al., 2018). When rhythmic inputs – such as speech or music – are per-
ceived, these cortical oscillations tend to become coupled with the slow modulations present in the 
stimulus’ temporal envelope (which mirrors how sound intensity fluctuates over time). This coupling 
phenomenon is broadly termed neural entrainment (Ding and Simon, 2014; Haegens and Zion-
Golumbic, 2017; Rimmele et al., 2018). Neural entrainment has been primarily studied in the context 
of speech perception, during which it occurs principally at the syllabic and prosodic rates (Doelling et 
al., 2013; Zion Golumbic et al., 2013; Vander Ghinst et al., 2016). It was shown to be modulated by the 
spectro-temporal fine structure of the acoustic input (Ding et al., 2013) as well as by intelligibility 
(Peelle et al., 2012; Gross et al., 2013). However, the relative contribution of low-level auditory and 
high-level cognitive processes to neural entrainment, and the functional role of low-frequency oscilla-
tions in the processing of sensory information are current matters of debate (Ding and Simon, 2014; 
Kösem and van Wassenhove, 2016; Steinmetzger and Rosen, 2017). 
Like speech, music has a rhythmic temporal structure (Ding et al., 2017), with systematic patterns of 
note onsets, accents and grouping (Patel, 2008). A recent study pointed to similar entrainment proper-
ties during music perception (Doelling and Poeppel, 2015). Yet, contrary to speech, perceptual analysis 
of musical pitch sequences occurs preferentially in the right auditory cortex (Zatorre et al., 1994; 2002), 
which is known to operate at a slower oscillatory regime (Giraud et al., 2007; Morillon et al., 2012) and 
to have a better sensitivity to slow acoustic temporal modulations than its left counterpart (Abrams et 
al., 2008; Gross et al., 2013). Importantly, music has the capacity to carry strong expressive content, 
inducing feelings and thoughts (Juslin and Västfjäll, 2008), and music-induced emotions arise from the 
functional interaction between subcortical areas such as the striatum and amygdala and auditory corti-
cal areas (Salimpoor et al., 2013; Liégeois-Chauvel et al., 2014; Salimpoor et al., 2015). Besides, pre-
vious research revealed that musical expressions can be accurately predicted using a limited set of low-
level acoustic cues including average and variability values of temporal features (e.g. sound level, tem-
po, articulation, attack velocity), as well as spectral content (Juslin and Laukka, 2004). Based on these 
findings, we hypothesized that neural entrainment to musical stimuli is, like for speech, sensitive to 
acoustic dynamics (temporal factor), but that it is also modulated by a non-temporal dimension of stim-
ulation: music spectral complexity.  
 To investigate these issues, we conducted a combined behavioral and EEG experiment in which 
participants were asked to listen to short musical excerpts and to assess their emotional reaction 
through self-reported valence and arousal ratings. We used a generative music algorithm designed to 
synthesize original musical textures with defined expressive content, such as happiness or sadness or a 
mixture of the two (Beller, 2009). To control for the spectral complexity of musical excerpts and in or-
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der to disentangle the impact of music spectral complexity on neural entrainment from the one of tem-
poral modulations, we generated control versions of the original melodies (hereafter called “neutral 
stimuli”), with preserved temporal envelopes but reduced complexity in terms of pitch, harmony and 
pitch variation. For the sake of brevity, in the following, we simply use the term “complexity” to refer 
to these spectral aspects of melodic complexity. Of note, in the present research, neural entrainment 
was operationally defined as the temporal coherence between the temporal envelope of the musical ex-
cerpt and the concomitantly recorded EEG activity. Ultimately, this design allows us to investigate 
whether and how music complexity (original vs. neutral stimuli) and neural entrainment impact behav-
ior (participants’ emotional ratings).  
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Materials and Methods 
This study is composed of a preliminary behavioral experiment, whose aim was to validate our stimuli 
and design, and a subsequent EEG experiment, in which the exact same material and behavioral task 
were used. 
Participants. Eight healthy volunteers participated in the preliminary behavioral experiment (6 men; 
mean age 20 ± 4 yr; age range 18–30 yr) and twenty other healthy volunteers in the combined behav-
ioral and EEG experiment (11 men; mean age 23 ± 3.8 yr; age range 18–32). All participants were 
right-handed and had normal audition (<20 dB loss per ear and frequency band between 125 Hz and 
8000 Hz), verified with an audiogram test prior to the experiment. They provided written informed 
consent prior to the experiment, which was approved by the local ethic committee. 
Emotion-Based Musical Synthesizer. Stimuli were generated using the Emotion-Based Musical Syn-
thesizer (EBMS; (Beller, 2009)), a computer music tool written in the Max programming language 
(Cycling ‘74, San Francisco, CA). EBMS algorithmically generates original musical textures of arbi-
trary duration, which are meant to convey either a pure emotion (happy/sad/fearful/angry) or a mixture 
thereof (i.e. a linear combination of the above). In more details, the algorithm generates simple pseudo-
random sequences of notes, in the MIDI format (Musical Instrument Digital Interface; a technical 
standard for musical notation and communication), whose musical parameters can be controlled along 
parameters known to correspond to stereotypical musical features of emotional expressions (Juslin and 
Laukka, 2004): speed (happy: high / sad: low), intensity (happy: high / sad: low), pitch (happy: high / 
sad: low), mode (happy: major / sad: minor), pitch and intensity variation (happy: large / sad: small). 
Since its creation, EBMS was used in several contemporary music pieces and art installations (Dorsen, 
2015), but to the best of our knowledge, it is the first time it is used for experimental research. 
Original stimuli. Twenty-one 8-sec expressive piano stimuli were generated using EBMS (see exam-
ples on Supplemental Fig. S1 - https://doi.org/10.6084/m9.figshare.11568999). All excerpts were com-
posed of two monophonic lines, one melodic line played on the right hand/high register of the piano, 
and one individual-note accompaniment line played on the left hand/low register of the piano. Excerpts 
were generated in the major/minor keys of B, C and F in equal proportions, and were selected from the 
algorithm’s random output so that they sounded as different as possible from one another. We restricted 
the set space of emotions to two dimensions categories (over the four offered by EBMS) in order to 
maximize the recognition of emotions. Melodies were thus generated using parameters meant to ex-
press a mixture of happiness and sadness. The relative percentages of these two ‘emotions’ in the mix-
tures were set based on informal testing. 
Neutral stimuli. In addition to the twenty-one expressive excerpts generated with EBMS, we manually 
generated twenty-one matched (in terms of acoustic envelope) “neutral” versions of the same stimuli, 
using the following procedure. We considered that the neutral version of an originally expressive mel-
ody composed of various pitches is simply the repetition of a unique pitch of the same instrument tim-
bre, all other acoustical features (intensity and rhythm) being matched. Taking advantage of the MIDI 
format, for each excerpt, we extracted the first note played in the melodic line and replaced all subse-
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quent pitches in the line with this first pitch (for original stimuli meant to express either happiness or 
sadness only, all pitches in the melodic line were replaced with the pitch of the key in which the origi-
nal excerpt was generated). Similarly, we replaced the accompaniment/left-hand line of each excerpt by 
the repetition of a single note two octaves lower than the one selected at the right hand. The neutral 
version thus contains one single pitch class, doubled two octaves apart. Importantly, while this proce-
dure drastically reduced the spectral complexity of the excerpts linked to pitch, harmony and pitch var-
iation, it preserved the original excerpt’s temporal envelope (Fig. 1). Our design thus separates tem-
poral and non-temporal dimensions of musical excerpts.  
Experimental setup. During both the behavioral and EEG experiments, participants were seated in 
front of a computer interface coded in python using the psychopy module (Peirce, 2007). Acoustical 
stimuli were presented binaurally through Sennheiser HD650 headphones during the preliminary be-
havioral experiment and through Sennheiser CX 300-II earphones during the EEG experiment, at com-
fortable level (around 60 dB SPL). EEG was recorded using a BrainProduct actiCHamp system (Brain 
Products GmbH, Germany) with 64 electrodes (international 10-20 localization system), a sampling 
rate of 500 Hz, and high-pass (cutoff frequency: 0.06Hz) and low-pass (cutoff frequency: 140Hz) 
online filters. One additional electrode was placed on the left side of the nose and set as reference. Im-
pedances were kept under 10kΩ. To reduce the amount of eye movements during the EEG recording, 
participants were instructed to look at an on-screen fixation cross during stimulus presentation. Eye 
movements were monitored with two sets of electromyography bipolar electrodes (BIP2AUX adapter) 
placed above and below the left eye and at the outer canthi of both eyes, which were bipolarized off-
line to yield vertical and horizontal electro-ocular activity (EOG), respectively. EEG recordings and 
stimulus presentation were synchronized using Cedrus StimTracker. 
Experimental design. The goal of the EEG experiment was to investigate whether and how neural en-
trainment is modulated by the complexity of the musical material used, in binaural diotic listening con-
dition. Each of the twenty-one original and twenty-one neutral melodies was presented once, in random 
order. Overall, these manipulations resulted in two experimental conditions (“original”, “neutral”). The 
experiment lasted approximately 30 minutes. 
Behavioral task. In each trial, participants first listened to the excerpt. After the offset of the sound, 
participants were asked to appraise the emotional content of the excerpt by first rating its perceived 
arousal and then its perceived valence. Ratings were acquired on two separate visual analogic scales 
(with twenty steps) going from “not emotional” to “highly emotional” for arousal, and from “negative” 
to “positive” for valence. Participants were specifically instructed to use the entire scales, i.e. that they 
should rate the recognized emotional content of the excerpt relatively to the set of melodies presented 
during the experiment. Once the answers were submitted, the next trial started.  
Data analysis. Acoustic preprocessing. To estimate the temporal envelope of each melody, the sound 
signal (synthesized with a piano sound using the MIDI output of EBMS) was decomposed into thirty-
two narrow frequency bands using a cochlear model, and the absolute value of the Hilbert transform 
was computed for each of these narrowband signals. The broadband temporal envelope resulted from 
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the summation of these absolute values, and was used as the acoustic signal for all subsequent stimu-
lus-brain coherence analyses (Chandrasekaran et al., 2009). 
EEG preprocessing. Preprocessing of EEG data was performed following the standard procedure of 
Brainstorm (Tadel et al., 2011). Briefly, electrical artifacts were removed using low-pass filtering (at 40 
Hz), slow drifts using high-pass filtering (at 0.3 Hz), and eye blink artifacts using source signal projec-
tions through principal component analysis. 
Stimulus-brain coherence. In order to quantify the neural entrainment induced by the acoustic signal, 
we computed the stimulus-brain coherence, a measure that quantifies in the spectral domain the syn-
chronization between the acoustic envelope and the EEG neural signal. Importantly, coherence (in con-
trast to phase-locking value) considers both phase and amplitude estimates in the measurement of the 
relationship between the two signals (Lepage and Vijayan, 2017). Importantly, this metric captures the 
similarity in the dynamics between two signals and is blind to their actual overall amplitude. Coherence 
was computed for each participant and experimental condition (“original”, “neutral”) according to the 
following steps. The acoustic and EEG signals were resampled at 128 Hz and segmented into 8-sec 
epochs. In accordance with prior studies on neural entrainment, we restricted our analyses to the low-
frequency range ([1-10] Hz; e.g., (Ding and Simon, 2014)). A time-frequency decomposition was per-
formed by estimating the complex-valued wavelet transform of both acoustic and EEG signals in this 
frequency range (0.5 Hz resolution) using a family of Morlet wavelets (central frequency of 1 Hz, time 
resolution (FWMH) of 3s, i.e. three cycles), with a zero-padding approach to minimize boundary ef-
fects. These complex-valued signals were then separated into phase angle and amplitude information, 
and the epochs belonging to the same experimental conditions were concatenated. Finally, for each par-
ticipant and condition, stimulus-brain coherence was computed over time, which here corresponds to 
the time duration of all concatenated trials (t ranging from 1 to n), following (Lepage and Vijayan, 
2017): 
𝐶",$ = &'𝐴$,)*)+,. 𝐴",$,)./0+1. 𝑒+.(45,67689:4;,5,6<=>8?)1)AB & C'(𝐴$,)*)+,)D1)AB .'(𝐴",$,)./0+1)D1)ABE 																															(1) 
where 𝐶",$ corresponds to the coherence estimated at EEG channel c and frequency f (from 1 to 10 Hz), 𝐴$,)*)+,  and 𝑃$,)*)+,  respectively the amplitude and phase angle of the acoustic signal, and 𝐴",$,)./0+1  and 𝑃",$,)./0+1 respectively the amplitude and phase angle of the EEG signal.  
The EEG power response spectrum was additionally computed. The modulus of the complex-valued 
EEG signals obtained as described above was squared to obtain EEG power estimates, transformed in 
decimal logarithmic units (so that they follow a Gaussian distribution), baselined with the 2 sec period 
preceding each trial, and finally averaged over time to obtain the spectrum per channel and frequency 
(between [1-10] Hz). 
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We also computed the acoustic temporal modulation spectrum (i.e., the spectrum of the temporal enve-
lope) by averaging over time the modulus of the complex-valued signals obtained as described above. 
Finally, we computed the coherence between the acoustic envelopes of the original and their matched 
neutral melodies, in order to estimate the similarity (both in terms of phase and amplitude) between the 
two categories of melodies, by applying the same routine as described above. 
For the specific generalized linear mixed model (GLMM) regression analyses (see below), stimulus-
brain coherence was re-estimated per stimulus, i.e. per trial, using a leave-one-trial-out (LOTO) ap-
proach (Gluth and Meiran, 2019). With this method, the stimulus-brain coherence value of one particu-
lar trial is estimated by taking the difference between the parameter estimate for the complete dataset 
and for the dataset with one omitted trial (corresponding to the trial of interest). The parameter estimate 
for the complete dataset was then added to each stimulus’ estimate to center them around the mean. 
This method is particularly suited for datasets with low signal-to-noise ratios, such as EEG data. 
Statistical procedures. All analyses were performed at the single-subject level before applying stand-
ard nonparametric two-sided paired statistical tests at the group level. Behavioral data were submitted 
to Wilcoxon and Friedman tests. Where applicable, categorization of stimuli by emotional arousal into 
high and low arousing stimuli was based on a median split (on the 42 stimuli). Stimulus-brain coher-
ence and EEG power measures were submitted to cluster-based permutation statistics (1000 permuta-
tions; 𝛼-cluster level = 0.005), computed across electrodes and frequencies (Maris and Oostenveld, 
2007). Finally, to estimate the robustness of our results, we present behavioral results from two inde-
pendent datasets (preliminary and main experiments), and present neural results at both the group and 
single-subject levels (Smith and Little, 2018). 
Generalized linear mixed model. A generalized linear mixed model (GLMM) regression analysis was 
performed to characterize the extent to which neural entrainment was impacted by stimulus spectral 
complexity (i.e. original vs. neutral condition) and emotional arousal ratings. To do so, stimulus-brain 
coherence (as estimated with the LOTO procedure) was analyzed using GLMMs, with condition (orig-
inal/neutral) and arousal ratings used as predictors, and participant number and file tag (one value per 
original/neutral pair) used as random factors. We report p-values estimated from hierarchical model 
comparisons using likelihood ratio tests (Gelman and Hill, 2007), and only present models that satisfy 
the assumption of normality (validated by visually inspecting the plots of residuals against fitted val-
ues) and statistical validation (significant difference with the nested null model). To test for main ef-
fects, we compared models with and without the fixed effect of interest. To test for interactions, we 
compared models including fixed effects versus models including fixed effects and their interaction.  
Causal mediation analyses. A model-based causal mediation analysis (CMA) was performed to deter-
mine whether spectral complexity manipulation (i.e. original vs. neutral condition) had a direct effect 
on neural entrainment or whether neural entrainment was mediated by participants’ arousal rating. 
Analysis was performed using the Mediation package for CMA analysis of the R software (Tingley et 
al., 2014). 
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Results 
In this study, we investigated cortical neural entrainment to music. We focused on whether neural en-
trainment is modulated by the spectral complexity of the musical excerpt (original vs. neutral condi-
tion) and investigated whether and how complexity and neural entrainment impacted behavior (partici-
pants’ emotional ratings). To this end, EEG was recorded while participants listened to and rated the 
emotional content of original melodies specially designed to express a mixture of happiness and sad-
ness, as well as to their neutral versions, having preserved temporal envelopes but reduced complexity 
in terms of pitch, harmony and pitch variation (see Methods). The behavioral effects of our manipula-
tion were first investigated in a preliminary perceptual experiment. 
Acoustic and behavioral validation 
Concerning the acoustic stimuli, we first confirmed that original and neutral melodies were well 
matched in terms of loudness and rhythm. To this end, we compared the temporal envelope of each 
original melody to the one of its neutral version through a threefold approach. Firstly, we verified that 
the envelopes of both types of melodies nearly perfectly correlated over time (mean Pearson r2 = .85; 
see Fig. 1A for a representative example). Secondly, we computed the spectrum of the temporal enve-
lope (hereafter called “modulation spectrum”) of original and neutral melodies, which reflect how fast 
sound intensity fluctuates over time. We confirmed that they had the exact same modulation spectrum 
profile (see Fig. 1B for a representative example and Fig. 1C for the average over the 21 original and 
neutral melodies; mean Pearson r2 = .96; paired t-tests over frequencies: all ps > .4, after FDR correc-
tion for multiple comparison). Thirdly, we computed the coherence between the acoustical envelopes 
of the original and their matched neutral melodies, in order to estimate the similarity (both in terms of 
phase and amplitude) of their respective envelopes and confirmed that they were highly similar in the 
[1-10] Hz range (mean coherence C = .93; Fig. 1D). Finally, for each stimulus and each of its two 
monophonic lines (melodic line played on the right hand/high register of the piano, or left hand/low 
register of the piano, see Methods), we calculated the note rates, i.e. the number of acoustic events per 
second, with chords counting for one event (Fig. 1E). This analysis shows that the acoustic events oc-
cur at a maximum rate of 1.3Hz. 
We then validated that original and neutral melodies elicited different emotional reactions in the 
intended direction, in both the preliminary and main experiments. Arousal was significantly reduced 
for neutral, as compared to original melodies (Wilcoxon signed-rank test: preliminary exp.: Z = 2.38, p 
= .017; EEG exp.: Z = 3.88, p < .001; Fig. 2, upper panels). There was also a trend for neutral melodies 
to induce more negative emotions than original melodies (preliminary exp.: Z = 1.68, p = .09; EEG 
exp.: Z = 3.32, p < .001; Fig. 2, lower panels). Incidentally, we also controlled that the original melo-
dies with a higher percentage of happiness (see Methods) were rated more positively in terms of va-
lence than original melodies with a higher percentage of sadness (Supplemental Fig. S2 - 
https://doi.org/10.6084/m9.figshare.11568906).  
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Stimulus-brain coherence 
To capture the general spectral profile of neural entrainment induced by our set of melodies, we aver-
aged stimulus-brain coherence across all trials, including original and neutral melodies (Fig. 3A). 
Overall, coherence peaked at four frequencies (~1, 2.5, ~3.5 and 5 Hz), and this pattern was not simply 
due to an increase of EEG power at these frequencies (Supplemental Fig. S3A - 
https://doi.org/10.6084/m9.figshare.11569008). The topographical maps estimated at those four fre-
quencies showed that neural entrainment was maximal in parietal and temporal electrodes at 1 Hz, 
whereas it was maximal in fronto-central electrodes for the other peak frequencies (Fig. 3B). Moreover, 
our data revealed that the stimulus-brain coherence spectrum pattern (quantifying the synchronization 
of the acoustic envelope and neural oscillations) globally matched the acoustic modulation spectrum 
pattern, over the frequency range under study ([1-10] Hz), with peaks at ~1, 2.5, ~3.5 and 5 Hz (Fig. 
3C). However, the 1 and 5 Hz peaks were considerably magnified in the coherence as compared to the 
acoustic modulation spectrum.  
Modulation of neural entrainment by music spectral complexity  
To assess the impact of complexity of the musical material on neural entrainment, we contrasted stimu-
lus-brain coherence measures computed for original vs. neutral melodies (Fig. 4A). A selective effect 
of spectral complexity on neural entrainment was observed on a single spectro-spatial cluster, at [5-6] 
Hz on fronto-central electrodes (Fig. 4B-C): stimulus-brain coherence was significantly stronger for 
original melodies than for neutral melodies at 5 Hz only, in this cluster of electrodes. Incidentally, EEG 
power was not significantly different between original and neutral melodies (Supplemental Fig. S3B - 
https://doi.org/10.6084/m9.figshare.11569008). It is particularly striking that this effect of enhanced 
coherence for expressive melodies was not only present at the group-level, but at the individual level 
for 16 out of 20 participants (Fig. 4D). Because original and neutral melodies were constructed to have 
the same modulation spectrum, and thus the same rhythmic properties (see Fig. 1D), the stronger stimu-
lus-brain coherence at 5 Hz for expressive melodies cannot be attributed to rhythmic differences be-
tween the two categories of stimuli. Nor can it be attributed directly to pitch variations over time in the 
expressive excerpts since none of the stimuli had a note rate of 5 Hz (see Fig. 1E). Incidentally, in a 
control analysis, we estimated a subdimension of spectral complexity: the variance of pitches (in cents) 
over the 8-sec excerpts, defined as the mean of the deviation of each pitch from the average. We ana-
lyzed this contribution to the entrainment effect using a GLMM analysis and found no significant im-
pact of pitch variance on neural entrainment (p = .21). Therefore, spectral complexity could not be re-
duced to pitch variance in our paradigm. 
Modulation of neural entrainment with arousal ratings 
A median split of arousal ratings was performed for each participant ([0-20] rating scale: high 14 ± 2.2 
vs. low 4.8 ± 2.6 arousal ratings; Wilcoxon signed-rank test: Z = 3.92, p < .001). Stimulus-brain coher-
ence at 5 Hz, on the frontal-central cluster (see Fig. 4B), was significantly stronger for high arousing 
stimuli than for low arousing stimuli (Z = 2.46, p = .014). This result reveals that high and low arousing 
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stimuli are associated with different coherence values, with stronger neural entrainment for high arous-
ing stimuli.  
Relationship between melodic complexity, arousal and neural entrainment 
Because all the above analyses are only correlational, they do not allow us to conclude on the causal 
links between melodic complexity, arousal and neural entrainment. In particular, it remains to be inves-
tigated whether the modulation of neural entrainment by music complexity reflects an acoustic or a 
higher order emotional/cognitive level of processing. In other words, at this stage we cannot conclude 
on whether the difference of coherence at [5-6] Hz on fronto-central electrodes is due to the intrinsic 
acoustic characteristics of original stimuli (compared to neutral) or to the recognized emotional load 
(reflected in the arousal ratings). 
To study the relative effect of spectral complexity (i.e. original vs. neutral condition) and emo-
tional arousal ratings on neural entrainment (extracted from the spectro-spatial cluster, see Fig. 4B), we 
conducted GLMM analyses. First, we compared models containing either ‘condition’ or ‘arousal’ with 
their corresponding nested null model (i.e. first layer in hierarchical GLMM analysis). We found that 
both condition (C2(9) = 7.0, p = .008) and arousal (C2(9) = 4.2, p = .04) significantly improved the 
model’s ability to predict the variance of the coherence measure. Next, we compared the model includ-
ing both condition and arousal to models containing only one of these two factors (i.e. second hierar-
chical layer). We observed that condition significantly improved the model’s performance (C2(10) = 
4.0, p = .04), whereas arousal did not (C2(10) = 1.2, p = .27). Overall, this suggests that the variance of 
coherence explained by arousal at the first level of the GLMM is a subset of the one explained by con-
dition. This finding supports the link between spectral complexity and arousal previously reported, 
showing that arousal ratings were significantly different for neutral, as compared to original melodies 
(Fig. 2). 
To further investigate the link between spectral complexity (i.e. original vs. neutral condition), 
emotional arousal rating and neural entrainment, we conducted model-based Causal Mediation Anal-
yses. First, we tested whether the previously evidenced link between arousal and coherence was medi-
ated by condition (Fig. 5A). Although no significant Average Direct Effect from arousal to coherence 
was found (ADE = 2.51e-05, p = .44), there was a significant Average Causal Mediation Effect medi-
ated by condition (ACME = 2.52e-05, p = .02). Similarly, we tested whether the effect of condition on 
coherence was mediated by arousal. A significant Average Direct Effect from condition to coherence 
(ADE = 3.76e-04, p = .03) was present, but no significant mediation by arousal was found (ACME = 
5.06e-05, p = .54). These analyses suggest that the effect of arousal ratings on neural entrainment is in-
direct, that is to say that it is significantly mediated by the spectral complexity of stimuli (original vs. 
neutral). Finally, we tested the reverse causal pathway by considering arousal as the outcome of the 
model (Fig. 5B). A significant Average Direct Effect from condition to arousal was present (ADE = 
2.17, p = .001), but no significant mediation by coherence was found (ACME = -0.0024, p = .50). 
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Moreover, the effect of coherence on arousal was not significant (ADE = -1.4847, p = 0.82; ACME = -
0.0928, p = 0.89).  
In short, these analyses further demonstrate that the complexity of the musical material has a di-
rect impact on neural entrainment and reveal that spectral complexity mediates the observed relation-
ship between emotional arousal ratings and neural entrainment. 
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Discussion 
In this study, we pushed forward the idea that cortical neural oscillations play a functional role in the 
processing of auditory information, not only in speech but also in the less-studied context of music per-
ception. In particular, we hypothesized that neural entrainment to musical stimuli is sensitive to acous-
tic dynamics (temporal factor), but that it is also modulated by a non-temporal dimension of stimula-
tion: music spectral complexity.  
 Slow oscillations are known to entrain to the dominant rhythm (tempo) of pure tone sequences 
(Morillon and Baillet, 2017), speech streams (Peelle et al., 2012) or musical stimuli (Doelling and 
Poeppel, 2015; Doelling et al., 2019). The present study significantly extends this account by showing 
that neural oscillations also entrain to more variable acoustic fluctuations, since the pattern of neural 
entrainment (i.e. stimulus-brain coherence spectrum) mirrors the complex pattern of the averaged 
acoustic modulation spectrum of the stimuli, with peaks at ~1, 2.5, ~3.5 and 5 Hz (Fig. 3). This high-
lights the fine-grained nature of this coupling mechanism, which robustly captures the temporal dynam-
ics of acoustic stimuli.  
Critically, our study also demonstrates that neural entrainment to music is also impacted by 
non-temporal manipulations, which is in line with previous studies in the speech domain or focusing on 
pure tone stimulation (reviewed in: (Ding and Simon, 2014; Haegens and Zion-Golumbic, 2017; Rim-
mele et al., 2018)). Here, we investigated the contribution of spectral complexity of a musical excerpt 
to neural entrainment, and show that cortical oscillations become more closely coupled with slow fluc-
tuations in the music signal when the melody is expressive (in the sense of more harmonically com-
plex), compared to its envelope-matched neutral version, confirming our hypothesis. In particular, we 
observed a selective effect of melodic spectral complexity on neural entrainment in the theta range (5 
Hz). This result cannot be explained by differences in the temporal structure of our stimuli since both 
the comparison of the modulation spectra of original and their matched neutral melodies (reflecting 
how fast sound intensity fluctuates over time) and the estimation of the coherence between their respec-
tive temporal envelopes ruled out the possibility of a selective difference of amplitude at 5 Hz across 
stimuli. The sole difference between original and neutral stimuli is in their spectral content: the acousti-
cal manipulation was accomplished by creating monotonic versions of the original stimuli without 
changing the overall temporal envelope, in such a way that complexity in terms of pitch, harmony and 
pitch variance was reduced to its minimum. In other words, this manipulation was more complex than 
mere changes in pitch over time (note rate), or pitch variance over the excerpt. Hence, this result pro-
vides new evidence that not only the temporal information (acoustic dynamics) but also the spectral in-
formation of acoustic stimuli critically contribute to neural entrainment (Henry and Obleser, 2012; 
Ding et al., 2013; Lakatos et al., 2013; Zoefel and VanRullen, 2015). Importantly, though our neutral 
stimuli consisting of one pitch only are a drastic control, the observed frequency-specific effect of spec-
tral complexity on neural entrainment is hardly compatible with habituation/adaptation responses rela-
tive to repetitive/predictable stimuli (Pérez-González and Malmierca, 2014), since the coherence meas-
ure reflects only the similarity in the dynamics between two signals (and not their actual overall 
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amplitude). Furthermore, the present data suggest that a peak in the acoustic modulation spectrum of 
the melodies is not a sufficient condition to observe an effect of spectral complexity on neural entrain-
ment. Indeed, coherence peaked at frequencies that were also present in the stimuli themselves but the 
effect of spectral complexity on neural entrainment was found only at 5 Hz. That the effect is selective 
to the theta range could then be due to specific constraints of the neural (perceptual or attentional) 
structures involved in the processing of acoustic properties more complex than the note rate or pitch 
variance, but this remains to be further investigated. In particular, recent work highlighted a temporal 
coding preference of the auditory system for two distinct sampling regimes: theta (4-7 Hz) and gamma 
(30-45 Hz) ranges. This means that perceptual information tend to be sampled in parallel at these spe-
cific timescales, which is reflected in a preferential neural entrainment at theta and gamma rates during 
perception of auditory streams with a wide-range of acoustic dynamics (Teng et al., 2017; Giroud et al., 
2019). The present result speaks in favor of more engagement of the slower (theta) timescale during 
perception of original than during perception of neutral excerpt. This timescale has been shown to be 
implicated in the processing of abstract global (vs. local) acoustic patterns (Teng et al., 2016), and 
could be mobilized here to deal with the higher perceptual complexity of original stimuli.   
 With the present setup, we could also investigate the relationships between music complexity, 
neural entrainment and behavior (through participants’ emotional ratings) to disentangle whether the 
entrainment effect observed in the theta band reflects a difference of processing at the auditory level 
(low-level acoustic processing) and/or at a higher emotional level. As mentioned, the strength of this 
neural entrainment could scale with non-temporal perceptual complexity (see e.g. (Folta-Schoofs et al., 
2014)), which would in turn impact auditory or attentional processes (e.g. (Lakatos et al., 2013)). Or it 
could scale with the strength of emotional engagement, reflecting the functional interaction between 
subcortical (striatum, amygdala) and auditory cortical areas (Salimpoor et al., 2013; Liégeois-Chauvel 
et al., 2014; Salimpoor et al., 2015). Yet, these two factors of perceptual complexity and emotional ap-
praisal could also be functionally related as shown in one recent study of musical emotional processing, 
in which judgments of negative valence were found to be related to the perceptual ambigui-
ty/complexity in the auditory scene (Bonin et al., 2016). Our data show that although high and low 
arousing stimuli are associated with different levels of neural entrainment, spectral complexity of the 
musical material mediates this observed relationship. Therefore, if there are some acoustical attributes 
of the stimuli that increase the stimulus-brain coupling phenomenon and some attributes that make 
them more arousing, our study demonstrates that these attributes only partly overlap. In sum, this study 
suggests that the selective effect of complexity on neural entrainment mostly reflects an auditory pro-
cessing that should be distinguished from higher-order emotional levels of processing.  
On the whole, this study provides fundamental insights into mechanisms underlying auditory infor-
mation processing in the context of music perception. The present results also suggest that neural en-
trainment does not directly underpin emotional judgment. 
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Conclusion 
Overall, this study highlights that cortical neural activity closely entrains to complex acoustic temporal 
modulations but is also sensitive to non-temporal manipulations. In particular, increasing music spec-
tral complexity, in terms of pitch, harmony and pitch variation, enhances neural entrainment. This ef-
fect is frequency-specific (5 Hz) and could reflect specific constraints of the neural processes involved. 
Importantly, while spectral complexity modulates both neural entrainment and emotional arousal rat-
ings, neural entrainment reflects an auditory-level of processing independent from higher-order emo-
tional processes. In the end, these results speak against the idea that neural entrainment only reflects 
acoustic temporal modulations (see also (Breska and Deouell, 2017; Rimmele et al., 2018)), and reveal 
its intricate nature in a non-speech context. If neural entrainment reflects the quality of sensory infor-
mation, being in first instance an instrument of sensory selection, that is to say a gain control modulato-
ry mechanism (Schroeder and Lakatos, 2009; Cravo et al., 2013; Nobre and van Ede, 2017), neural en-
trainment also constitutively reflects the content of sensory information, corresponding to a cortical 
processing stage at which multiple (spectrotemporal) acoustic features are synthetized into a whole au-
ditory object (Poeppel et al., 2008; Shamma et al., 2011; Ding et al., 2013). 
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Figures 
 
Figure 1. Melodic stimuli. (A) Amplitude envelope of a representative original expressive melody, to-
gether with its neutral melody counterpart. Neutral versions of original melodies (composed of various 
pitches) are simply the repetition of a unique pitch of the same instrument timbre, all other acoustical 
features (intensity and rhythm) being matched. (B) Normalized modulation spectrum of the acoustic 
temporal envelope of the melodies depicted in (A). (C) Normalized averaged modulation spectrum of 
the 21 original and neutral melodies. (D) Coherence computed between the acoustic temporal enve-
lopes of the original and their matched neutral melodies, estimated across all melodies between [1-10] 
Hz. (C-D) Shaded error bars indicate SEM. (E) Distribution of the note rate, viz. the number of acous-
tic events per second (with chords counting for one event), across melodies for each of the two mono-
phonic lines (left and right hands). Circles on the distributions depict means for each monophonic line. 
Circles under the distributions depict individual pieces. 
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Figure 2. Behavioral results. Boxplots of arousal and valence behavioral judgments during the pre-
liminary behavioral (n = 8; gray boxplots) and the EEG (n = 20; black boxplots) experiments. Circles 
depict outliers. Stars/n.s. indicate significant/non-significant differences (p < .05). 
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Figure 3. Neural entrainment to melodic stimuli. (A) Stimulus-brain coherence, computed between 
the acoustic temporal envelope and the 64 EEG neural signals, estimated between [1-10] Hz across all 
(original and neutral) melodies. (B) Topographical map of coherence estimated at 1, 2.5, 3.5, and 5 Hz. 
(C) Comparison of the acoustic modulation spectrum and the stimulus-brain coherence spectrum aver-
aged across EEG channels. Please notice that for visualization purpose the exponents of the power-law 
like distribution (1/f decay) of the two spectra were normalized. 
 
 
 
 
 
 
 
Figure 3. Stimulus-brain coherence: no Joy n=20 
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Figure 4. Effect of melodic spectral complexity on neural entrainment. (A) Contrast between stim-
ulus-brain coherence estimates in original vs. neutral conditions (original > neutral), computed across 
melodies for each EEG channel between [1-10] Hz. (B) Topographical map of the non-parametric clus-
ter permutation statistical analysis of the coherence contrast, computed across channels and frequencies 
(α-cluster level = .005). Significant differences are observed at [5-6] Hz in a frontal cluster composed 
of channels F1|Fz|FC1|FCz|Cz. (C) Detail of the coherence spectrum of the original and neutral condi-
tions, estimated in the frontal cluster. Shaded error bars indicate SEM. (D) Individual coherence esti-
mates at 5 Hz in the frontal cluster. White circles indicate individual estimates. Dashed lines indicate 
participants showing increased coherence in the original vs. neutral condition. Black circles and line 
indicate group average.  
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Figure 5. Results of the Causal Mediation Analysis. (A) Direct causal pathway: results from the 
Causal Mediation Analysis when considering stimulus-brain coherence as an outcome and arous-
al/condition as either the treatment or the mediator. (B) Reverse causal pathway: results from the Caus-
al Mediation Analysis when considering arousal as an outcome and condition/	 stimulus-brain coher-
ence as either the treatment or the mediator. Red arrows represent significant pathways.  
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Figure S1. Representative examples of the melodic stimuli. (A) Exemplar of sheet music of an orig-
inal stimulus. (B) Exemplar of sheet music of its neutral version. 
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Figure S2. Behavioral results. A. Arousal and valence behavioral judgments of original melodies dur-
ing the preliminary behavioral (n = 8; gray line) and the EEG (n = 20; black line) experiments, as a 
function of the relative percentage of happiness and sadness used to generate the melodies (x-axis di-
vided into 7 bins ranked from maximal happy/sad ratio to minimal happy/sad ratio). In the EEG exper-
iment, both arousal and valence ratings significantly differed between the different categories of stimuli 
(repeated-measures parametric ANOVA; main effect of stimulus category: all F6,42 > 7.3, all p < 0.001). 
Shaded error bars indicate SEM. B. Boxplots of arousal and valence behavioral judgments of original 
and neutral melodies during the EEG experiment, with trials divided with a median split procedure 
along the happy/sad ratio (50% happiest, 50% saddest). Stars/n.s. indicate significant/non-significant 
differences (Wilcoxon signed-rank tests: p < .05, corrected for multiple comparison). Circles depict 
outliers.  
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Figure S3. EEG response to melodic stimuli. (A) Power response (in decibel) of the 64 EEG chan-
nels, estimated between [1-10] Hz across all (original and neutral) melodies. (B) Contrast between 
power response estimates in original vs. neutral conditions (original > neutral), for each EEG channel 
between [1-10] Hz. 
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